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Abstract 
Insolvency places under uncertainty the premise of going concern. Looking on the effects of this state of crisis, we aimed to 
analyse which symptoms predict this liquidity crisis of the enterprises and to identify which of them are the most representative 
for the Romanian business environment. To this purpose, we performed a comparative analysis of the relevant financial and non-
financial data that describes the insolvency risk of twenty companies listed on the Bucharest Stock Exchange’s principal market 
during 2009-2013 period. For this research we applied the multiple discriminant analysis, the logistic regression analysis, and the 
artificial neural networks analysis. The main remarks of our empirical study, similar for all three methods used, revealed that the 
extended term of payment to the suppliers is the most significant indicator of the risk of entering into the payment incapacity, 
confirming the Romanian legal definition of insolvency.  
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of Academic World Research and Education Center. 
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1. Introduction 
The well-functioning of a business depends on the ability of its management to notice the existing malfunctions 
and to correct them or, at least, by the methods applied to avoid the significant negative effects that generate 
prejudices. The quality of information that supports the management decisions and the risk management system 
developed at the level of each entity also plays an important role in preventing the difficult situations that most 
enterprises face. Starting from these premises, we focused our study on identifying and ranking the clues that could 
foresee the insolvency of Romanian companies. At the same time, we aimed to grasp the way in which insolvency 
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occurs and the main characteristics of the entities that have financial difficulties, in order to find a method of 
measuring the risk of insolvency, useful in practice by managers, investors and all interested parties, based on 
financial and non-financial information available to the stakeholders. 
 In the beginning, we will refer to the previous researches that refer to corporate insolvency and the risk of 
bankruptcy, and we will state our working hypotheses. Afterwards, we will present the approach that we followed in 
our empirical study performed on a sample of 20 Romanian companies listed on the Bucharest Stock Exchange, and 
we will disseminate the results of applying the multiple discriminant analysis, the logistic regression analysis, and 
the neural networks, for a critical evaluation of the institution of insolvency in the Romanian business environment.  
2.  Literature review and hypotheses development 
2.1. Studies and statistical methods used for evaluating the bankruptcy risk 
 
The issue of insolvency was largely debated, and several studies contributed to creating methods for detecting the 
risk of bankruptcy. Thus, the consecrated methods are the regression analysis, the discriminant analysis, the factor 
analysis, the logistic regression, the probabilistic regression, the analysis of the survival duration, as well as new 
methods, such as that of the neural networks or expert systems. We mention in this sense studies such as those by 
Altman, Sabato & Wilson (2010), Al-Kassar & Soileau (2014), Mehrazin, Taghipour, Froutan, Ghabdian & 
Soleimani (2013), Pacelli & Azzollini (2011), Ramayah, Ahmad, Halim, Zainal & Lo (2010), as well as by 
Romanian authors such as Robu & Mironiuc (2012) and others. The opinions of these authors are influenced by the 
principles of financial and accounting systems, by the national jurisdictions, and by the socio-economic context of 
the countries which they were focused on, and respectively by the periods when the studies were performed. 
Nevertheless, they provide a solid basis in understanding the subtleties of the financial risks of enterprises. 
 
2.2. Research hypotheses 
 
The deterioration of financial structure and performance of the companies is often a staged process of erosion of 
the needs-resources balance. Starting from strategic issues, conflicts of interests, non-correlation of the investment 
policies, crediting, inventory and cash management, a drop in performance is expected (Mironiuc, 2009). The array 
of reaction options is rather limited, but the need for action and for remedying the distress situation is ever more 
acute. Otherwise, the entity could only go towards insolvency (Drescher, 2014). We accept, nevertheless, that other 
scenarios may exist concerning these aspects and that the collapse may be a completely surprising event or, on the 
contrary, it may be premeditated, but we consider these to be atypical situations, whose casuistry requires a 
differentiated study. In general, however, insolvency occurs in a similar way in most enterprises (McTear, Williams, 
Brumby & Border, 2004) and thus we assume that the clues that suggest its imminence are also similar. 
In order to confirm these opinions and to illustrate the specificity of the issue of insolvency of enterprises, we 
consider the following working hypotheses:   
H1: The instauration of insolvency may be anticipated by the analysis of the financial and non-financial 
information with value relevance specific for this situation.  
H2: There is a significant and ranked connection between the financial ratios and the risk of insolvency.   
H3: The companies in financial difficulty have specific characteristics, and thus are significantly different from 
the other enterprises. 
3. Research methodology 
In order to validate the mentioned hypotheses, we focused on performing an empirical study that includes the 
comparative analysis of three statistical methods, relevant in evaluating the insolvency risk. The expected results of 
this research are to obtain similar evidences regarding the most representative symptoms of the financial difficulties 
that Romanians companies face. 
 
3.1. Target population, analysed sample and data source 
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Our analysis is based on the companies listed on the regulated market of the Bucharest Stock Exchange. Of the 
100 existing entities, we selected the 10 entities that became legally insolvent during the period 2009-2013, recorded 
in the Insolvency Procedures Bulletin and/or suspended from trading because of their financial difficulties. Then, 
according to data availability, we extracted using the random sampling method (Jaba, 2002) an equal number of 
enterprises allowed for transactions and without insolvency-related antecedents. Thus, our study applies to the 
financial statements and annual reports of 20 listed companies, for the period 2009-2013, available on their official 
websites according to the press releases published by the stock exchange monitoring and regulating authorities 
(http://www.bvb.ro). The activity fields of the companies that make up this sample are mainly the metallurgic 
industry, the chemical industry, pharmaceutics, and car construction industry, and most of them are in the same stage 
of development, since they are established before the 1990's and developed in centrally planned economy, 
subsequently becoming the main actors in Romania's market economy. 
 
3.2. Analysed variables 
 
As stipulated by Romanian Law no.85/2014 concerning the insolvency prevention and insolvency procedures, 
“insolvency is the debtor's state characterised by an insufficiency of the available cash funds for the payment of 
certain, liquid, and contingent liabilities”. The debtor's insolvency is presumed when, 60 days after the due date, 
they have not paid their debt to the creditor. Insolvency is imminent when it is proven that the debtor will be unable 
to pay the contingent liabilities with the cash funds available on the due date.  
Therefore, the selection of variables considered, on the one hand, the comparison between the current assets and 
their liquidity and the degree of indebtedness of the enterprises, and on the other hand, grasping the factors that 
influence and explain the ability of the economic entities to pay their debts. Two non-financial variables were also 
added, representative for the accuracy of the evaluation of the companies' situation, respectively the top management 
changes during the financial year and the independent auditor's opinion on the financial statements, as can be seen 
from Table 1. 
          Table 1. Variables suggested for the statistical analysis 
Quantitative variables Formula Evidence 
CAR – Current assets ratio Current assets / Total assets The specificity of the activity 
field and the assets structure  
FL – Financial leverage Total liabilities / Shareholder’s equity Degree of indebtedness 
RLR – Quick liquidity ratio (Current assets - Inventory) / Current 
liabilities 
Liquidity  
FER – Financial expenses ratio Financial expenses / Turnover Cost of financing 
NOPR – Operating profit margin Operating profit / Turnover Profitability 
TOCR – Average collection period Accounts receivable / Average sales per 
day 
Commercial policy  
(credit sales) 
TOSP – Average payment period Accounts payable / Average purchases 
per day 
Commercial policy  
(credit purchases) 
EER – Employees expenses ratio Employees expenses / Total income Salaries policy 
ROA – Return on assets  Net profit / Total assets Return on activity; profitability 
Categorical variables Values  
Status – Category of the analysed entity 0 – no financial difficulties 
1 – in insolvency 
Dependent variable that 
differentiates between the two 
groups of companies 
CD – Change of the top management during 
the year 
0 – no 
1 – yes  
Impact of the possible changes of 
the management policy 
AO – Audit opinion 0 – modified 
1 – unmodified  
Degree of confidence in the 
financial data 
 
This selection of the financial indicators and of the non-financial information used is inspired from the models 
that already exist in literature, mainly from the models of Altman, Sabato & Wilson (2010), Al-Kassar & Soileau 
(2014), Robu & Mironiuc (2012), and also includes our own suggestions of taking into account the assets structure, 
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the principle of the destination and usage of the resources, the extent of the financial and employee expenses, and 
respectively the profitability and the commercial crediting policy of the companies. We focused on evaluating the 
situation of the enterprises from a multidimensional perspective, starting mainly from characteristics of their current 
activity but also considering their investment and financing activities. 
 
3.3. Methods for data analysis 
 
The main analysis method, used in this study, is the multiple discriminant analysis, since this is the consecrated 
method for the studies on the insolvency risk and for classifying the companies that encounter difficulties or not. 
The main purpose of applying this method is not necessarily its predictive approach, but its capacity of explaining 
the relationship that exists between the identified categories of companies and the indicators that describe them, 
represented by the selected independent variables (Ramayah et al., 2010). 
A second method used, specific for establishing and verifying relationships between data and events with similar 
interpretation to the multiple discriminant analysis is the logistic regression – a non-parametric analysis applied 
without the requirement for the normality hypothesis to be verified and met (Jemna, 2009). Thus, assuming that 
there may be reserves in validating the tests that precede the application of the multiple discriminant analysis and in 
order to confirm, compare, and explain the results obtained, we also considered necessary to apply the regression 
analysis, although the significance of the discriminating power between the two methods is inclined in favour of the 
discriminant method (Ramayah et al., 2010). 
An alternative to the discriminant analysis and to the logistic regression, also applicable in the case of complex 
non-linear relations between the dependent variable and the independent variables is the artificial neural networks 
method, which artificially simulates the psychological and functional structures of the human brain. The input data 
is taken from a nodal network, and for each node – called "neuron" – specific calculi are done using a particular 
function named "transfer function" (Pacelli & Azzollini, 2011). Taking into account the fact that the variables 
suggested for our study are numeric as well as categorical, and that our hypotheses consider not only the 
identification of the most representative indicators but also their ranking, we believe that the artificial neural 
networks method is suitable for our purpose.  
4. Results and discussions 
The empirical study was performed using the IBM SPSS Statistics software, version 20. Since the first check of 
the collected data, valuable differences had been noticed between distressed and non-distressed companies but only 
in terms of financial ratios analysis. The dichotomous variables expressing non-financial information did not prove 
any relevant distinctions from one to another category of enterprises. Furthermore, the number of modified auditor’s 
opinions was exactly the same with the number of unmodified opinions for each of the two groups of companies.  
As can be seen in Table 2, the variables that are set apart as having a significantly distinct mean for the two 
groups of companies are: 
x the financial expenses ratio – much lower for the insolvent companies, probably since they can no longer 
access external funds because of their questionable reputation; 
x the operating profit margin – diminished for efficient companies with considerable positive results; 
x the average collection period of accounts receivable, respectively the average payments period to the 
suppliers – as a result of the imbalance of the current activity; 
x the salary expense ratio – much higher for the companies in difficulty; 
x and the net return on assets – surprisingly more favourable for insolvent companies.  
Among these, after applying the multiple discriminant analysis, we notice as statistically significant for the 
individualisation of a profile of high-risk or insolvent companies the indicator concerning the payments period to the 
suppliers, the net return on assets, the operating profit margin, and the financial expenses ratio. The coefficients of 
the determined discriminant function and the results of their statistical testing are also presented in Table 2.  
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 Table 2. Descriptive statistics and significance of the suggested variables 
Independent 







Coefficients  0 1 Total 
Current assets ratio 0,309 0,328 0,318 0,996 0,540 0,199 1,274 
Financial leverage 4,612 4,717 4,665 0,988 0,270 0,211 0,446 
Quick liquidity ratio 1,458 1,477 1,467 0,998 0,699 0,395 1,539 
Financial expenses 
i
0,067 0,143 0,105 0,918 0,004 0,299 2,337 
Operating profit 
i
1,317 1,178 1,248 0,906 0,002 0,419 1,932 
Average collection 
i d
4,177 4,644 4,410 0,964 0,058 0,011 0,009 
Average payment 
i d
4,285 5,242 4,763 0,726 0,000 0,741 0,942 
Employees expenses 
i
0,225 0,174 0,200 0,985 0,226 -0,348 -1,660 
Return on assets 0,512 0,435 0,474 0,841 0,000 -0,722 -8,040 
Change of 0,180 0,200 0,190 0,999 0,801 0,006 0,018 
Audit opinion 0,640 0,640 0,640 1,000 1,000 0,353 0,729 
(Constant) - - - - - - -8,257 
 
According to statistically significance of the proposed variables, we eliminated the categorical predictors and 
the unrepresentative financial ratios in order to increase the discriminatory power of the model. After refining the 
discriminant model by applying the step-by-step method of entering the variables, we obtained the function in Table 
3, whose independent variables are only the average payment period to the suppliers and the return on assets as the 
predictors with the highest value relevance for measuring the risk of insolvency. 
 
                                          Table 3. Restricted multiple discriminant functions 
Standardized function Discriminant Value = 0,796*TOSP - 0,411*ROA 
Canonical function Discriminant Value = -2,651 + 1,012*TOSP -4,573*ROA 
   
Comparing the two variants of the discriminant analysis, we can notice from Table 4 that by reducing the 
number of variables, Wilks’s Lambda statistical significance test value increases, but the accuracy of the initial data 
grouping drops from 81% to 76% of the correctly ranked cases, showing that there are also another factors which 
characterise the state of insolvency. 
 
            Table 4. Testing the significance of the discriminant functions 
Wilks' Lambda Classification results Critical values of the non-
standardised discriminant 
functions Test of Function(s) Number of Variables 
Wilks' 
Lambda Sig. 
(original group cases 
correctly classified) 
All variables 11 0,598 0,000 81% -0,812 0,812 
Stepwise method 2 0,692 0,000 76% -0,660 0,660 
 
Taking into account the limits of multiple discriminant analysis of our sample and the inconclusiveness 
remarks about profitability and debt ratios, we continued our study by applying the logistic regression as an 
appropriate method recommended for the case of relationships with a categorical variable as dependent variable 
(Jemna, 2009). The logistic regression analysis allowed us to also build a statistically significant econometric model 
where the suggested independent variables explain 58.1% of the variance of the dependent dichotomous variable 
that differentiates insolvent companies from the non-distressed companies, according to the Nagelkerke R Square 
indicator. Moreover, it is supposed that 82% of the tested cases were correctly classified, and the representativeness 
of the model was confirmed by the Homer and Lemeshow test (p-value = 0.179 > 0.05). However, as shown in 
Table 5, the statistically representative independent variables are the return on assets, the average payment period, 
and the quick liquidity ratio. We thus conclude that insolvency is characterised by the destabilisation of the entities' 
performance in relation with the wealth elements owned, the extension of the credits from the suppliers, and 
difficulties in covering the need for current resources. 
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                      Table 5. Significance of the variables in the logistic regression model            
Variables B S.E. Wald df Sig. Exp(B) 
Current assets ratio 1,739 2,359 0,544 1 0,461 5,694 
Financial leverage 1,369 3,133 0,191 1 0,662 3,933 
Quick liquidity ratio 2,671 1,278 4,369 1 0,037 14,461 
Financial expenses ratio 2,194 4,876 0,203 1 0,653 8,975 
Operating profit margin 2,792 3,447 0,656 1 0,418 16,318 
Average collection period 0,613 0,398 2,372 1 0,124 1,845 
Average payment period 1,325 0,553 5,743 1 0,017 3,762 
Employees expenses ratio -4,398 2,304 3,643 1 0,056 0,012 
Return on assets -25,77 8,107 10,104 1 0,001 0,000 
Change of management -0,379 0,772 0,241 1 0,624 0,685 
Audit opinion 1,135 0,655 2,999 1 0,083 3,110 
Constant -10,903 15,791 0,477 1 0,490 0,000 
 
Although through a completely different methodology, similar results were found using the neural networks 
analysis. The Multi-Layer Perceptron option, where the input data are directly propagated at the level of 
intermediate and final neural nodes through feed-forward signals (Pacelli & Azzollini, 2011), used 70% of the cases 
for its work algorithm building stage (training) and 30% of the cases for testing it. Thus, we noticed that the initial 
data were correctly classified in a proportion of 85.7% during training and 86.7% during testing. According to this 
method, the independent variables were also ranked according to their importance and power to differentiate the 
company groups, the representative variables found being the return on assets, the average payment period to the 
suppliers, the employees expenses in total income, the operating profit margin, and the current assets ratio, as 
illustrated in Table 6.  
 
                               Table 6. Importance of the variables in the neural networks 
Variables 
Multilayer Perceptron method Radial Basis Function method 
Importance Normalized Importance Importance 
Normalized 
Importance 
Current assets ratio 0,106 55,1% 0,108 86,4% 
Financial leverage 0,042 22,0% 0,100 79,8% 
Quick liquidity ratio 0,021 10,9% 0,101 81,2% 
Financial expenses ratio 0,057 29,5% 0,109 87,6% 
Operating profit margin 0,111 57,7% 0,108 86,9% 
Average collection period 0,070 36,3% 0,070 55,8% 
Average payment period 0,178 92,0% 0,125 100,0% 
Employees expense ratio 0,146 75,5% 0,110 87,8% 
Return on assets 0,193 100,0% 0,121 97,3% 
Change of management 0,023 11,9% 0,037 29,3% 
Audit opinion 0,052 27,0% 0,012 9,6% 
 
Within the neural network analysis using the Radial Basis Function method, which has a different algorithm 
for computing the weights in the hidden neural nodes than the Multi-Layer Perceptron method, based on the 
Euclidean distance (Mehrazin et al., 2013), the sample was distributed in proportion of 76% for training and 24% for 
testing. The obtained results show that 78.9% of the cases were relevantly grouped within the data allocated for 
training and 75% within the testing stage. Moreover, from the point of view of the significance of the independent 
variables, all the financial indicators are considered relevant, to the detriment of the non-financial information 
included in the model which are insignificant for differentiating between the financial distressed and non-distressed 
companies. However, the most representative are, just like in the case of the previously presented methods, the 
average payment period to the suppliers and the return on assets. 
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5. Conclusions 
The present study shows the prevalence of the financial indicators on non-financial information, in what 
concerns the modifications in the management structure of the entities or the audit opinion type, and presents their 
ranking according to their ability to predict the risk and state of insolvency. The key parameters that describe the 
corporate insolvency are those referring to the commercial crediting policy, especially from the point of view of 
extending the payment of the debts to the suppliers, as the applicable Romanian legislation defines insolvency. At 
the same time, the performance of the activity and of the company in general, grasped in our case as the return on 
assets, significantly differentiates the companies with and without financial difficulties. Also, the information on the 
current activity, respectively the operating result, the nature and size of the expenses distinguish between the two 
categories of companies and are representative in identifying the state of insolvency. 
Based on the results of the theoretical and empirical research performed, we can state that the study hypotheses 
are confirmed and that the entities on the verge of insolvency, respectively the insolvent ones, have a specific 
financial profile. The multiple discriminant analysis as well as the logistic regression analysis, respectively the 
neural networks analysis, support the same results. Therefore, the users of the financial information, especially 
decision forums with attributions in performance planning and company funding, can support their decisions on the 
present study, distinguished by actuality both in what concerns the data on which it was performed and through the 
analysis methods suggested. 
The restrictions concerning data availability, the size of the selected sample, the analysed time interval, and 
respectively the nature of the analysed companies or of the chosen indicators can be considered as limitations of the 
research, which actually point towards extending it in the future in order to enhance its relevance and to keep it up to 
date in the Romanian economic environment. Moreover, the study can be continued by redefining the target 
population and, subsequently, performing a comparative analysis of the situation of the insolvency of companies in a 
more extended geographical area. 
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